Abstract. The business environment is reshaped by knowledge economy which has taken both
Introduction to knowledge economy, competitiveness, innovation and their key drivers
Furthermore, innovation has been considered one of the most important sources for companies to draw their competitive advantages from, perfectly portraying the competitive advantage strategy (Porter, 2011) . Generally, some measures for innovation may be R&D expenses (also as percentage of GDP if considered country-wise), average number of patents granted or average number of employees working on R&D, and the list may continue. Although it is rather difficult to measure it, emotional knowledge and emotional intelligence have a critical role in stimulating innovation (Bratianu & Orzea, 2013) . However, in this regard, as in the case of competitiveness, one can also refer to a country's general propensity towards innovation, and in this case many drivers must be considered for conducting a proper study. The global innovation index aims to take into account the multi-dimensional facets of innovation, being both a measuring tool and one whose goal is to improve countries' innovation performances.
The first objective of the present research was to establish whether Knowledge Economy Index (KEI), Global Competitiveness Index (GCI), Global Innovation Index (CII), World Happiness Index (WHI), Gini Index, Research and Development expense (as percentage of GDP), Number of scientific and technical articles in journals, GDP per capita, governmental expenditure per student, In bound mobility rates, Foreign Direct Investment Net Flows, High tech exports (as percentage of manufactured goods), Military Expense (as percentage of GDP), Electric power consumption kwh per capita, Energy use (kg of oil equivalent per capita), CO2 emissions (metric tons per capita), Households with internet access (%), Daily frequency of internet access (% individuals), Percentage of enterprises selling online are correlated. In order to conduct such an analysis we resorted to the bivariate covariances between each and every pair of the previously listed indices. Furthermore, the second objective of the paper aimed to investigate by means of factorial analysis (Principal Component Analysis -PCA) whether the geographic distribution of the countries of the European Union influences their knowledge economy propensity.
Literature review and conceptual framework
Knowledge Economy Index (KEI) was designed by the World Bank (2009, 2012) based on a simple arithmetic mean of four subindexes, namely the pillars of knowledge economy: Economic Incentive and Institutional Regime (EIR); Innovation and Technological Adoption; Education and Training; Information and Communications Technologies (ICT) Infrastructure, (idem, Chen and Dahlman, 2005) .
According to Hadad (2017) , knowledge economy is characterized by open innovation, education, knowledge management and creativity that are grounded in Information and Communication Technologies (ICT) and the existence of highly trained and well educated workers. In this respect, the generation of knowledge and access to Internet makes consumers more knowledgeable and aware in respect to the decisions they take (Vatamanescu et al., 2017) and, implicitly, more educated. Skrodzka (2016) conducted a geographic research that underlined a positive influence of knowledge economy pillars on the knowledge economy development of European Union countries, accompanied by a strong positive relationship between knowledge economy development and the economic development level.
In their empirical investigation on EU growth, convergence and the knowledge economy, Caraveli et al. (2008) established that investment in medium education, knowledge sectors and patent number positively influence economic growth and income disparities among EU regions. Moreover, the authors spot an unbalanced distribution of knowledge in a geo-economic context of EU-15. They advocate for policy measures which can proliferate knowledge-based activities in different regions that can further ripple into heightened innovation rate, sustainable growth and, ultimately, engender income disparities contraction. Concomitantly, peripheral regions can benefit from R&D subsides and knowledge infrastructure creation.
Some authors propose a linear, positive relationship between interfirm competition and knowledge acquisition based on previous studies showing that not only does alliance partners' protection not lower the magnitude of the knowledge flow between firms (Simonin, 1999; Norman and MacDonald, 2004) , but it increases the efficiency of resource pooling, consequently "interfirm competition essentially involves the acquisition of knowledge from alliance partners." (Zhang et al., 2010, p.79) . To sum up, the logical inference that lies behind the results of this study is that competition is one of the factors that coexists in any strategic alliance and it fosters knowledge acquisition that becomes a mediator for knowledge creation; furthermore, knowledge creation leads to innovation so, competition is a factor that is directly and positively linked with a company's innovative efforts. On the long run, according to Voinescu and Moisoiu (2015) competitiveness is driven by sustainability and an imperious requirement to make it in the knowledge economy is to increase investments in both innovation and tech. Hopman et al. (2010) reveal from their study conducted in the Netherlands whether a change in competition policy, from the abuse system to the new Competition Act based on the prohibition system that put an end to the era of cartel paradise had an effect on innovation. The authors used R&D expenditures and patent applications as measures of innovative efforts, since these were considered to be most relevant for the policy. The study concluded that a transition to a more competitive environment, caused by a new policy, was relevantly and positively linked to an increase in intellectual property applications, and thus, to an increase in innovation and knowledge economy. Another result is that firms that operate in a more competitive environment also increase their efficiency concerning innovative efforts, obtaining more innovative output by using less innovative input (Hadad, 2017a-c) . Moreover, the importance of vertical relationships is highlighted, since it was proven that cooperation with suppliers in innovative efforts leads to important increases both in the innovation intensity of the industry and the ratio of the firms with patent applications. The conclusion of this study is that the relationship between competition and innovation is a monotonously positive one.
Global Competitiveness Index (GCI), is made of twelve pillars divided in three subindexes: a) basic requirements: institutions, infrastructure, macroeconomic environment, health and primary education, b) efficiency enhancers: higher education and training, goods market efficiency, labour market efficiency, financial market development, technological readiness, market size, c) innovation and sophistication factors: business sophistication and innovation (WEF, 2016) In the attempt to align to the Europe 20202 Strategy, Priede and Neuer (2015) suggest that there is a considerable gap between EU countries in terms of competitiveness which can only be undersized by engaging in more intensive research and development investments.
Global Innovation Index (CII) The GII is composed of two sub-indices: Innovation Input Sub-Index and the Innovation Output Sub-Index, to form a total of seven pillars (Cornell University, INSEAD, and WIPO, 2014) . The Innovation Input SubIndex refers to those elements of an economy that enable and support innovative activities: Institutions, Human capital and research, Infrastructure, Market sophistication and Business sophistication. The Innovation Output Sub-Index is built around the pillars that represent the results of the innovative efforts in an economy: Knowledge and technology outputs and Creative outputs. Therefore this index provides a close link to knowledge economy.
Higher average incomes do not necessarily lead to improvements in average well-being of the population. Increased economic output, which would implicitly mean higher incomes, has led to heightened CO2 emissions (metric tons per capita), electric power kwh consumption per capita, energy use (kg of oil equivalent per capita) that have left the environment and wellbeing of society better off. In a knowledge economy, the three previously mentioned indicators would be expected to undergo decreasing trends given the availability of information and alternative sources of energy to use. As income has been proven not to necessarily impact the wellbeing of society on the long term, attention of researchers has shifted towards World Happiness Index (WHI). According to Helliwell et al. (2012) the measurement of WHI is based on the assessment of daily emotions (affective happiness) and the individual's overall evaluation of life (evaluative happiness). The authors describe that the happiness of a nation is not necessarily positively correlated to the Gross National Product (GNP) [and Gross Domestic Product (GDP) per capita], since the quest for higher income may impair one's happiness.
The Gini Index, also referred to as an inequality index, represents the measurement of income dispersion of a nation's population with the intent of highlighting the discrepancies is income or wealth distribution (Jenkins, 2017) , where a 0 value serves as perfect equality, whereas 1 is the superior limit expressing the maximal inequality. The index has applications in education and opportunity analysis. Education is central to the knowledge based economy for ensuring that knowledge workers contribute to the development of human capital in knowledge industries (Danby and Lee, 2012; Lešera et al., 2018) , therefore we assert that the progress of society can also be easily reflected in the governmental spending it incurs per students (governmental expenditure per student) and the level of inbound mobility rates in tertiary education.
Foreign Direct Investment (FDI) Net Flows -By using firm level panel data, Kinoshita (2000) discovered that the learning effect of R&D acts as better predictor in explaining the productivity growth of a company as compared to the innovative effect and that positive FDI spillovers can be identified in the electrical machinery and radio and TV sectors. Additionally, FDIs have been proven to influence the national competitiveness and, at the same time, a crucial role on the absorptive capacity of the host state is played by the location or by the cluster it belongs to (Gugler and Brunner, 2007) and innovation can play a significant role in the economic welfare for the countries within the cluster (Dan, 2011 (Dan, , 2012 . Finally, Alvarez and Marin (2013) conclude that international competitiveness in high-tech industries is affected by different dimensions of internal and external factors.
The research conducted by Falk (2009) explains that business R&D intensity generates significant knowledge and its importance exceeds that of share of high-tech exports in explaining GDP per working age population, concluding therefore that high tech exports impact the development of OECD countries. Furthermore, Braunerhjelm, and Thulin (2008) argue that a one percentage point increase in R&D expenditures triggers a three percentage point increase in high-tech exports leading to no significant market size change. Research and Development activities result in knowledge generation and have a crucial role in assessing cross-country competitiveness (Dzhukha et al., 2017; Ryzhkova, and Prosvirkin, 2015) . Moreover, as knowledge economy deals with intangibles (Bratianu, 2018) , the number of scientific and technical articles published in journals can be considered knowledge economy product categories, though this is a debatable indicator since quality should prevail over quantity. However, for now, this is the official global indicator provided by the World Bank. A better way of measuring the knowledge diffusion created through the scientific and technical articles would be the number of citations the articles have acquired in high ranking journals or through the journals' impact factors (Bernstein and Gray, 2012; Carpenter et al., 2014) .
Concerning the Military Expense (as percentage of GDP) -the former EU Commission, President Barroso (2012) alleged that "the defense sector, apart from the political and other aspects is also crucial in terms of exports, cutting-edge research and provides growth and highly skilled jobs". In the same vein were the claims of Van Rompuy (2012) "a stronger defence industry which will contribute to more innovation and competitiveness and to more growth and employment across our Union". The military activity (defence-related R&D investment) influences innovation in the broader civilian economy of several OECD nations (Mowery, 2012) . However, the scope and nature of this influence remains uncertain and subject to considerable debate, this is why in the present research we decided to include the military expense (as percentage of GDP) indicator.
Competitiveness can be achieved if special attention is paid to the knowledge economy variables enacted by R&D expenditure as a percentage of the GDP, lifelong learning, and tertiary education attainment (Dima et al., 2018) . Accordingly, GDP per capita is regarded as a potential influencer of competitiveness and knowledge since it represents both the standard of living of a country and the output of an economy. Another key driver of knowledge economy is digitisation which has been put in place, at EU level, by the Digital Agenda for Europe in the context of Europe 2020 Strategy which assesses 31 indicators grouped into five compounds: connectivity, human capital, use of Internet, integration of digital technology and digital public services. For our analysis we shall consider the percentage of households with internet access, daily frequency of internet access (% individuals), and percentage of enterprises selling online.
From the present literature review we were led to elaborate on the following hypotheses: H1. There is a strong correlation between the enablers of knowledge 
Research methodology and results
United Nations Statistics Division (UNSD) (2013) has classified the countries of Europe (and implicitly the European Union) into two regions: the North + West and the South + East (Table 1) . Factor Analysis (FA) is a well-known clustering technique used in statistics and econometrics, relying heavily on probabilities, and sometimes acknowledged as Principal Component Analysis (PCA). FA applies to partitioning large sets of random variables into smaller, meaningful clusters, the centroid of each cluster being the socalled factor (Tabachnick and Fidell, 2007; Vizitiu et al., 2018 . Since the resulting number of factors is usually of an order of magnitude smaller than the initial number of variables, one expects from such analysis a better comprehension of the dependency among the variables, mathematically expressed by the correlation matrix (Habing, 2003) .
When there is no a priori information, the number of factors is left open, to be determined by the computer programme based on the eigenvalue criterion -see Stevens (2002) for a thorough discussion on this topic, and George and Mallery (2003) for the specifics of SPSS software, respectively. However, this is not the case with our study, where existent KE literature indicates, as pointed out in Introduction, a grouping of the 28 EU countries into two main clusters: NorthWest and SouthEast, thus downsizing the number of factors to two.
We Out of the 18 indices initially proposed -separate from KEI, mandatorily placed in the benchmark, as being a reference index -only 11 are significantly correlated (at a cut-value of 0.5) with KEI, so the other seven are excluded from the statistical analysis (in italic in the list above, and in Table 2 below -on the next page).
A special case is the Gini equality coefficient, measuring the discrepancy of wealth distribution among a nation's population. This index is significantly negatively correlated with KEI, precisely at the cut-value 0.5, so we chose to run two different analyses, one with Gini, and one without this index. As a general rule, we present in the following solely the numerical results of the analysis with Gini, the analysis without Gini being pretty much the same. The only notable exception is the slightly different structure of the clusters, to be presented in the subsequent.
Moving on to exploratory FA, we point out that in our case the variables are the EU countries, not the above KE indices. The values of these indices, corresponding to each country, are considered as realisations of the random variables. In order to extract the two factors, we applied the SPSS Dimension Reduction →Factor procedure, using the Principal Component extraction method, Varimax with Kaiser normalization rotation, on the 28-item set of EU countries, on a sample of 12 (respectively 11, when Gini is excluded) -values for the KE indices. Source: Author's representation based on own research.
The two resulted factors partitioned the EU countries into two groups, one with 20 and the other with eight countries, see Table 3 . The cumulative total variance explained by the two factors is 86.084%. Another statistical instrument employed in relation with FA represented by the Cronbach's alpha coefficients. Originally intended for social studies based on surveys where the answer to each question follows a finite-range Likert scale, Cronbach's alpha is the most common measure of a scale's internal consistency (Tabachnick and Fidell 2007; Craciun et al., 2015) . In our case, we have rescaled all KE indices within the interval [0, 1], so Cronbach's alpha coefficients were computed for each of the two resulting factors, in order to determine whether the scale used is reliable with respect to the items composing each factor. In our case, each of the two obtained factors (groups of countries) was subsequently tested for internal consistency in SPSS using the Cronbach's alpha coefficient technique. Factor 1 checked with a Cronbach value of 0.989, while Factor 2 checked with a Cronbach value of 0.945. A detailed Cronbach analysis of the two factors is depicted in Table 4 and Table  5 , respectively. One should notice that the last column of both tables presents the Cronbach values in the case of deletion of the corresponding variable. We can see that removal of Luxembourg would result in a small improvement in Cronbach's alpha. On the other hand, one should notice that the Corrected Item-Total Correlation value for Luxembourg is low (0.282), which sets this country as an outlier that can be further removed from the statistical analysis. After performing this operation, the cumulative total variance explained by the two factors increases to 87.463%.
The graphical representation of the partitioning of the 27 (minus Luxembourg) EU countries into two clusters is depicted in Figure 1 . The slightly different partition provided by the same FA, but without including the Gini index, is given in Figure 2 (Annex 1). However, one can observe that the countries pertaining to Group 1 exhibit better clustering.
The differences between the two analyses (with or without the Gini index) are the following: a) in the first case the countries appear to be more scattered as compared to the second one; b) Finland and Portugal permute from one group to another, from the first to the second analysis; c) Ireland migrates from Group 1 to Group 2, from the first to the second analysis.
The graphical representation of the cross distribution between the regional classification and the FA clusters is depicted in Annex 2 (Figure 3 ). The two regional clusters are listed in ascending order from left to right, 14 countries in each cluster, while the two FA clusters are represented in colors (green versus blue). As one can notice, the differences are quite significant implying that the popular geographical dichotomy between NorthWest and SouthEastern European countries does not hold true.
Conclusions
The first part of this research paper was dedicated to investigating knowledge economy and the multitude of factors influencing it. We started our analysis from the hypothesis that KEI follows the geographical (and wealth) distribution among European countries. In order to test this hypothesis, we first performed a pairwise covariance analysis of 18 potential KE related indices which downsized their number to 12, KEI included. In the next step of the research, we modelled the 28 EU countries as random variables, the normalized values of the 12 indices being their instantiations. To these 28 variables, a factor analysis procedure was applied in SPSS with a fixed number of two factors as the output. Finally, we compared the two factor obtained structure against the existing regional classification offered by the United Nations Statistics Division (2013). We can conclude that the geographical distribution of the EU countries does not exert a significant influence on the knowledge economy index, since the two classifications (geographical and statistical) do not exhibit any overlapping pattern, therefore infirming our second hypothesis. Our first hypothesis was partially confirmed since not all the factors identified exert string influence on the knowledge economy.
For example, we would expect that the number of scientific and technical articles, governmental spending per student and the inbound mobility rate would have an important influence over knowledge economy, however the factors were excluded from the factorial analysis next to FDI net inflows, high tech exports of manufactured goods, military expenses as percentage of GDP and carbon dioxide emissions as metric tons per capita. In terms of knowledge economy, Romania is strongly influenced by Greece, Cyprus, Latvia, Bulgaria, Slovak Republic and Italy and this could represent a common ground for working towards harmonised policies for encouraging knowledge economy, innovation, competitiveness and digitisation. The highest correlations attained were in terms of the Global Competitiveness Index, World Happiness Index, R&D expenses signifying that they could also act as predictors in evaluating the status of the knowledge economy of a particular country, whereas weaker correlations can be spotted for enterprises selling online, electric energy consumption, carbon dioxide emissions and others. In the future, the same relationship can be tested to see whether the influences have changed, in the light of new available data.
The main limitations of this study reside in the fact that the newest KEI corresponding data which was available from the World Bank Database belonged to the 2012 cohort and that after infirming the geographic distribution, we did not render a sound criterion for the grouping of the countries. Additionally future investigations could be devoted to conducting a similar analysis however not setting the number of factors to two. Another way of identifying knowledge economy clusters may be done by using Analytic Hierarch Process (AHP) or Analytic Network Process (ANP) and establishing an economically valid grouping criterion. 
